Fitness technology feature use items were not available in the literature, and thus, were developed for the current study. Items were developed for each feature set following the procedure described next. We used a four-step process to determine the fitness technology features that make up our first-order subconstructs. First, we compiled a list of currently available fitness devices and their associated apps using lists of wearables published in popular media outlets. The original list contained 72 devices and was compiled using lists of wearables from CNET, PC Magazine, The Wall Street Journal, Engadget, Gizmodo, and others. While not comprehensive, the redundancy across multiple lists suggests that our list, at the very least, contains the most popular devices in the wearables category at the time the data was collected. Second, the three researchers independently visited every website of each device/app on the list and collected the features the company advertised for the fitness technology. Third, all three of the researchers' feature lists were compared, discussed, and used to create an integrated list. Fourth, once survey items were created, an expert panel was convened to examine the feature list and scales as described below.
Appendix B Items

Appendix C Details of Statistical Testing
Convergent Validity
To confirm convergent validity, all items "thought to reflect a construct converge, or show significant, high correlations with one another, particularly when compared to the items relevant to other constructs" (Straub et al. 2004, p. 391) . In order to establish convergent validity in PLS, a bootstrap is run and the outer loadings and associated t-statistics are examined, along with the cross-loading matrix. The outer-loadings and t-statistics for our measurement model are given in Table C1 and the cross-loading matrix is shown in Table C2 . The outer-loadings for most of our items in Table C1 are above 0.7, which is recommended, although for large sample sizes loadings above 0.3 are adequate (Hair et al. 2006 ). All items were retained because their loadings were adequate and their t-statistics indicated that the loadings were significant, indicating convergent validity. 
Discriminant Validity
To establish discriminant validity, the cross-loading matrix can be examined for troublesome cross-loadings between the indicators. Discriminant validity is confirmed if it can be illustrated that "measurement items posited to reflect (i.e., 'make up') that construct differ from those that are not believed to make up the construct" (Straub et al. 2004, p. 389) . Loadings should be an order of magnitude greater than the nearest cross-loading (i.e., the difference between the primary loading and any other loading should be greater than 0.1) (Lowry and Gaskin 2014) . This is the case for all of the items seen in Table C2 with the exception of encourage2, compare5, and compete1. However, these three items all load highest on their primary factor and cross-load with other first-order subconstructs of the same second-order construct where we might expect some correlation, so we retained these items and performed the second check for discriminant validity. For the second check, we examined the square root of the average variance extracted (AVE) for a construct in comparison to the construct correlations of that construct with every other first-order construct in the model. These results are shown in Table C3 . The right portion of Table C3 contains the construct correlations. The bolded values that appear down the diagonal of the table are the square roots of the AVEs found in the second column for each construct. Any correlation below an bolded value should be lower than that bolded value (Fornell and Larcker 1981) , which is the case for all of our constructs. Taken together, these results indicate discriminant validity.
Reliability
Reliability was examined using the AVE, composite reliability, and Cronbach's alpha for each construct. These values were calculated by the PLS algorithm and provided as output. For our model, these values are provided in Table C3 . Reliability scores are intended to provide an indication of how reliable the scales will be over time (Straub 1989) . Ideally, the composite reliability should be above 0.7 (Hair et al. 2006) and greater than the AVE. Both are true for all constructs: all composite reliabilities are above 0.7 and the AVE is less than the composite reliability. It is recommended that the AVE be 0.5 or above (Fornell and Larcker 1981; Hair et al. 2006) , which is the case for all of our constructs. Cronbach's alphas above 0.7 are recommended and above 0.5 are acceptable (Davis 1964; Peterson 1994) . The Cronbach's alphas are above 0.7 for all of the constructs in our model. Thus, reliability was confirmed for all of the scales used in the study.
Multicollinearity
Multicollinearity refers to the situation where predictors are highly correlated with each other. To check for multicollinearity, the variance inflation factors (VIF) obtained from SmartPLS Version 3.2.1 can be examined. It is suggested that the VIF be below 10 ( Hair et al. 2006; Neter et al. 1996) . A VIF of greater than or equal to 5 has been suggested to be indicative of moderate multicollinearity and greater than or equal to 10 suggestive of severe multicollinearity (Larose and Larose 2015) . VIF values for the items for this study are given in Table C4 . All of the VIFs are below 10 and most are below 5, which suggest that multicollinearity is not an issue in our model. 
Common Method Bias
Our study design incorporated recommendations to reduce common method bias following leading literature (MacKenzie et al. 2011; Podsakoff et al. 2003) . The survey was implemented on the Quatrics platform. The Qualtrics survey platform was used because it is an approved survey administration tool by the researchers' institutional review board (IRB) and allows for data to be anonymously collected on the Amazon Mechanical Turk (mTurk) platform. The survey items were randomized within blocks based upon the Likert-scale response anchors for the items (e.g., strongly disagree to strongly agree). Providing anonymity to the survey respondents has been recommended as an approach to reduce common method bias (Podsakoff et al. 2003) by reducing the tendency of respondents to answer in a way that they think the researchers would prefer. Randomizing the survey items has also been suggested as a way to decrease common method bias (Podsakoff et al. 2003) . "Attention trap" items were inserted throughout the survey. Attention trap items ask the respondent to select a particular response from the Likert-scale responses (Oppenheimer et al. 2009 ). For example, the respondent may be asked to "Please answer 'Agree' to this question." The purpose of the trap items is to identify those respondents that are not cognitively engaged in responding to the survey and to discard those responses.
In addition, the construct correlation matrix can be examined to determine if any constructs are correlated above 0.90, which could indicate a common method bias issue (Pavlou et al. 2007 ). An examination of the construct correlations in Table C3 reveals that none of our constructs are correlated above 0.90. Harmon's single-factor test (Lowry and Gaskin 2014; Podsakoff et al. 2003) was also employed to check for common method bias. We examined the unrotated factor solution in SPSS for all the items of our first-order constructs. The factor analysis revealed 12 distinct factors with the largest factor accounting for only 26.109% of the variance. This further suggests a lack of common method bias (Lowry and Gaskin 2014) . 
